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Abstract: To achieve a vehicle-efficient energy management system, an architecture composed of a
PEM fuel cell as the main energy source and a hybrid storage system based on battery banks and
supercapacitors is proposed. This paper introduces a methodology for the optimal component sizing
aiming at minimizing the total cost, achieving a cheaper system that can achieve the requirements of
the speed profiles. The chosen vehicle is an urban transport bus, which must meet the Buenos Aires
Driving Cycle, and the Manhattan Driving Cycle. The combination of batteries and supercapacitors
allows a better response to the vehicle’s power demand, since it combines the high energy density
of the batteries with the high power density of the supercapacitors, allowing the best absorption of
energy coming from braking. In this way, we address the rapid changes in power without reducing
the global efficiency of the system. Optimum use of storage systems and fuel cell is analyzed through
dynamic programming.
Keywords: optimal control; supercapacitors; batteries; fuel cell; hybrid vehicle
1. Introduction
Today, one of the topics of interest in scientific research is the depletion of the planet’s natural
resources. The energy that comes from fossil fuels such as coal and oil, among others, will be exhausted
in the next future. Moreover, this type of energy produces environmental pollution and greenhouse
gases, which are responsible for the biggest damage to the ozone layer. Energy consumption in the
transport sector is known to be very large, around 29.5% of the total energy consumed [1]. In particular,
vehicles are responsible for most of the energy consumed [2]. For this reason, environmental
deterioration is one of the main causes of the development of energy management research in vehicles.
Hybrid vehicles have been a step forward in this direction, and the advantages of hybridizing a
system [3] can be summarized as:
• The vehicle can recover a fraction of the kinetic energy while braking (regenerative breaking)
• The main power source might be shut down during idle periods and low-load phases without
compromising vehicle drivability
• The main power source can operate at high efficiency points independently of the
vehicle trajectory.
• The main power source can be designed with a slightly lower capacity.
Articles like [4–8], use a battery as an auxiliary energy recovery system, while others as [9–11] use
a supercapacitor for that purpose. Currently, there are combinations of both. Combining the energy
density of the batteries with the power density of the supercapacitors increases fuel economy [12–14].
Energies 2019, 12, 925; doi:10.3390/en12050925 www.mdpi.com/journal/energies
Energies 2019, 12, 925 2 of 27
To replace combustion engines, other devices as fuel cells have been introduced [15–17].
According to [18], many previous studies have shown the effectiveness of fuel-cell-based vehicles.
In addition, zero emissions and low noise generation make fuel cells a tempting energy converter for
automotive powertrains. As an example of this, fuel cell-powered bus projects report that since 2011
there are approximately 100 of such buses distributed around the world.
Fuel cells have relatively high efficiency compared to internal combustion engines [19]. Ref. [20]
contains a comparison between fuel cells and internal combustion engines in the transportation sector.
As shown in [21], the most common types of fuel cells on the market are proton exchange
membrane fuel cells (PEMFC), direct methanol fuel cells, alkaline fuel cells, phosphoric acid fuel cells,
molten carbonate fuel cells, solid oxide fuel cells, and microbial fuel cells. In this article, we will focus
on the use of PEMFC. The sizing of the fuel cell systems and associated storage elements is a problem
that must be treated with care, because its cost in the market is still high.
Usually, Fuel Cell Electrical Vehicles (FCEV) are composed of a fuel cell acting as main power
source and an energy storage system (ESS). The ESS can contribute to improving the performance
of an FCEV [22,23], reduce the FC size [24], improve the operating efficiency of the system [25,26],
and extend the service life of the elements [27]. In FCEV, ESS is usually composed of a battery
and/or supercapacitors. However, this hybridization involves a greater complexity of the system,
which highlights the importance of energy management [28,29].
This paper proposes a methodology to obtain an optimal sizing of the ESS, composed of a battery
and supercapacitors, in an urban transport FCEV. The combination of batteries and supercapacitors
allows a better response to the vehicle’s power demand, since it combines the high energy density of
the batteries with the high power density of the supercapacitors, allowing the best absorption of the
energy coming from the braking. In this way, we address the rapid changes in power without reducing
the global efficiency of the system.
Component optimal sizing aims to minimize the total cost while achieving the required
performance. It is well-known that the vehicle performance depends a lot on the speed profile.
For this reason, in this work two different urban driving profiles will be used as reference. In particular,
the Buenos Aires Driving Cycle and the Manhattan Driving Cycle will be considered.
The proposed methodology will proceed as follows: firstly, the optimal energy evolution will be
obtained using dynamic programming when following the considered speed profiles. This procedure
will be repeated for different battery and supercapacitor sizes. Then, from the obtained results, optimal
sizing will be determined.
The remainder of the paper is organized as follows: In Section 2, the vehicle architecture and
the models of the components are described. In Section 3, the driving profiles are introduced and
the theoretical amount of energy that can recover from regenerative braking is presented. Section 4
describes the ESS optimal sizing methodology based on dynamic programming. Section 5 presents
the results of the sizing of the components in the considered vehicle with the proposed methodology.
Finally, in Section 6, the main conclusions are drawn, introducing further research paths.
2. Vehicle Architecture
Vehicle architecture of HEV refers to the topological relationship and energy flow between its
components [30,31]. The main configurations are the series, parallel, and series-parallel. Designing
and selecting the architecture of an HEV’s is a critical procedure, as it influences future design, control,
and optimization. As a first step, we will define the total power that the components of the vehicle’s
propulsion system must deliver. The dynamics of the vehicle are based on the energetic balance of the
forces that contribute to the movement of the vehicle, and those that oppose to it [32]. Then, we can
express the mechanical power as a product of the forces and the speed of the vehicle. The inherent
power of motion is deducted from the kinetic energy stored in it. The forces opposing the movement,
are called dissipative forces, which are aerodynamic drag, frictional resistance to the ground and the
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where m is the mass of the vehicle, α is the slope of the road, v is its speed, p is the air density,
s is the front area of the vehicle, cx is the aerodynamic drag coefficient, g is gravity and crr is the
coefficient of rolling resistance. The parameters are based on a service bus, and are those shown
in Table 1, being obtained from [33]. The total mass of the vehicle includes the mass of the chassis,
the propulsion system, the components and the weight of the passengers. It should be noted that as
the weight of the vehicle increases with the increase in the weight of its components and the number
of occupants, more power is needed to reach the speed profile, because there are higher power peaks.
Figure 1 shows the components of the propulsion system that will be part of the vehicle’s energy
management. The main unidirectional source of energy is the fuel cell, which is connected to a DC
converter. The storage elements (batteries and supercapacitor) are considered bidirectional, as they
can deliver power to the movement, and at the same time, they can store the energy recovered from
breaking. These elements are also associated with a DC converter. The speed profile can be placed as a
power profile, and must be fulfilled by the sources. Then, the power balance can be expressed as:
pv = psup + pbat + p f c + pbreak (2)
where psup is the supercapacitor power, pbat is the battery power, p f c is the fuel cell power and pbreak is
the power dissipated in the mechanical brake. As expressed in Equation (2), the sum of the powers of
the elements must be equal to the mechanical power.
Table 1. Parameters of the vehicle.
Name Symbol Value Unit
Air density p 1.2 kg/m3
Coefficient of resistance to movement crro 0.008 s/u
Coefficient of resistance to movement crrl 0.00012 s2/m2
Aerodynamic coefficient cx 0.65 s/u
Front area s 8.06 m2
Total mass m 14,000 kg
Gravity g 9.8 m/s2
Figure 1. Vehicle architecture.
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2.1. Battery Modelling
Electrochemical batteries are one of the key components in hybrid electric vehicles. Batteries,
for specific energy management, will be characterized mainly in terms of power and energy. They are
characterized by their nominal capacities, and by the state of charge (SOC), which describes
the remaining energy stored in the battery, expressed as a percentage of its maximum capacity.
Some desirable attributes of batteries for EV and HEV applications are high energy density and cycle
life [34]. The energy density is a measure of the total amount of energy that a battery can store for a
given mass. These elements can store considerable amounts of energy. Other features include long
service life, low initial and replacement costs, high reliability, wide operating temperature range,
and robustness. Battery operation is typically defined by a certain SOC window, whose limits are the
minimum SOC during discharge and the maximum SOC during charging. Internal resistance is the
factor that limits the battery’s charge and discharge efficiency. Resistance has different values under
load and discharge conditions. Resistance and open-circuit voltage are non-linear functions of the
battery SOC. A battery model can be derived from an equivalent circuit, where the battery is regarded
as an open-circuit voltage source, in series with an internal resistor.
Depending on the amount of voltage/current, we connect a set of batteries, in series, in parallel,
or a mixed connection series-parallel. For a series connection, the voltage supplied by the assembly is
equal to the sum of the voltages. In parallel, the current increases as the sum of the number of batteries
inserted. In both cases, the capacity always increases. According to [33], the equations for battery
power charging and discharging should be taken into account as a function of SOC, where pcb is the









where ub is the battery voltage, uoc is the battery open-circuit voltage, ri is the battery internal resistance,
where nbatp is the number of parallel cells and nbats is the number of serial cells and k is the discrete-time.
The supercaps open-circuit voltage is a function of the battery charge. The total power of the battery
will be the sum of pdb and pcb, and is called p∗bat. The battery is also associated with a converter
efficiency δbat, which represents the losses in the converters and takes a value of 0.98. Then, we can
define the total battery power pbat as shown.
pbat(k) = δbat p∗bat(k). (5)
The considered battery is a prismatic Ni-MH one in a resin case. Battery parameters are shown in
Table 2 and taken from [35]:





Cell capacity (Ah) 6.5
Cell voltage (V) 7.2
Specific energy (Wh/kg) 46
Specific power (W/kg) 1300
Mass (kg) 1.04
Operation temperature (◦C) −20 to 50
Cost (e/kg) 33.88
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2.2. Supercapacitor Model
Supercapacitor are energy accumulators. The specific power, or instantaneous power, that can
deliver is greater than that of batteries, but their specific energy, or the amount of energy that can store
is substantially less. In some cases, supercapacitors are used as primary ESSs, while in other cases,
such as in this paper, they can be placed as a secondary storage system. This allows improvement
of the performance of the main power system and the ESS. The equivalent circuit of supercapacitor
consists of a capacitor that represents the capacitance and a series resistor that represents the ohmic
losses in the electrodes and electrolyte [36].
In the model, we will redefine equations based on the capacitor state of energy (SOE). A detailed










where qsc is the capacitor voltage expressed in (V), and csc is the capacitance expressed in (F).









where nsc is the number of elements, usc,max, and usc,min are the supercapacitor voltage limits, usc is the
open-circuit voltage and rsc is the circuit resistance. A more detailed analysis and parameters can be
found at [34]. The parameters used are from Maxwell 125 V Heavy transportation module, and are
shown in Table 3.




Cell capacitance (F) 3000
Rated Voltage (V) 125
Temperature (◦C) −40 to 65
Mass (kg) 1.3
Specific power (W/Kg) 1700




The power of the supercapacitor p∗sup is the sum of pcs and pds. The supercapacitor system is
associated with an efficiency of the converter shown in Figure 1, δsup, which represents the losses in
the converters. In the current work, this parameter will take a value of 0.95. Then, the total output
power of the supercapacitor system psup is given by
psup(k) = δsup psup(k)∗. (10)
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2.3. Fuel Cell Model
The PEMFC has two electrodes: The anode where the fuel is oxidized and the cathode where
the oxidant is reduced [37]. The electrolyte simultaneously acts as an electrical insulator and a proton
conductor. It also separates the cathode and anode reactions. Electrons go from the anode to the
cathode through an external circuit generating electrical current, while protons do so through the
electrolyte. In the cathode, electrons, protons, and oxidant are reduced, generating sub-products.
Hydrogen is often used as an oxidizing agent and oxygen as reducing agent in this type of fuel cells.
The potential difference generated by a single unit or mono cell is less than one volt, so several
mono-cells must be connected in series to obtain the appropriate voltage for the required application.
However, although the fuel cell is the main part of a fuel cell system, the entire system typically
involves the following subsystems:




• Power conditioning, instrumentation, and controls.
The fuel and oxygen inlet lines to each cell are connected in parallel to achieve similar pressure in
the anode and cathode. Impedance is a function of fuel pressure, membrane moisture, and catalyst
status. To characterize the model to be used, we know that power is the product of current and potential.
The power density is the product of the potential and current density, so it can be represented by:
p f c = v f ci f c. (11)
The power density is usually drawn with current density using the so-called polarization curves
and indicate that there is a maximum power density that a fuel cell can reach. It is not always possible
to operate the fuel cells at their maximum power levels. The polarization curve and power-current
curve used in this work for the fuel cell are shown in Figure 2. In this work, we have taken the curve
of the fuel cell for a BALLARD XD6 FCvelocity module fuel cell system, which is dimensionalized
according to the maximum power of the driving profiles to be used, which are explained in the next
section. Therefore, there is a maximum power that the cell can reach, because the efficiency of the fuel
cell is directly proportional to the potential of the cell. Fuel cell efficiency is defined by:




where p f c is the electrical power produced and pH2 is the theoretical power associated with the
hydrogen consumed, which is defined as
pH2 =
p f c + pcom
ηtherm · ηutil · η f ci
(13)
where pcom is the power that the compressor demands, ηtherm is thermodynamic efficiency (0.98 at
298 K), ηutil is the efficiency of cell use, defined as a relationship between the mass of fuel that reacted
and the mass that entered in the fuel cell; and η f ci is the efficiency of each cell, calculated as the
relationship between the cell voltage v f c, and the open-circuit voltage Eoc. This relationship can also
be expressed as a function of cell voltage and current
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Figure 2. Polarization and power-current curve of fuel cell.
The losses of i, called iloss are usually small. Greater efficiency can be achieved with the same fuel
cell, with significantly lower power density level. This means that for a required power, a fuel cell can
be expanded (with a larger active area) and be more efficient [38].
An electric model characterizing the fuel cell can be obtained using voltage and current equations
u f c = Eoc − uact − uohmic (15)
where u f c is the system voltage output, uohmic is the voltage of ohmic losses, and uact is the activation
voltage drop. Eoc, the open-circuit voltage, is defined by










where αTre f is a temperature constant, Eo is the electromotive force under standard pressure conditions,
Tre f is the temperature of reference, Kc is the rated voltage constant, Tf c is the operating temperature,
z is the electron transfer number, which can be obtained as shown in [39], PH2 , PO2 are the gas pressure,








where τ is the voltage time constant, and N is the number of cells. The ohmic voltage drop, uohmic is
expressed by:
uohmic = rinternal i f c (18)
where i f c is the cell output current and rinternal is the inner resistance of fuel cell system. The parameters





where mH2 is the mass of hydrogen consumed, MH2 is the molar mass of hydrogen, λ is the ratio of
excess hydrogen and n is the number of electrons acting on the reaction.
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Table 4. HD 100 FCvelocity Ballard fuel cell parameters.
Parameter Data
Maximum voltage 580 V
Maximum current 288 A
Number of cells 560
Operating temperature 330 ◦K
Nominal air pressure 2.24 bar
Maximum power 100 kW
Mass 285 kg




A driving cycle consists of a speed profile which defines the route that must follow the vehicle.
Some types of vehicles track specific cycles, such as urban transport, which follow and predefined
urban routes. Different driving cycles have been created that represent the driving conditions of
vehicles with greater accuracy [40]. For example, the ECE15, which is the European cycle, whose main
problem is the smooth accelerations; the USFTP 72 cycle, which represents the conditions of circulation
in the Angeles; the USFTP 75, used for emissions certification in the USA.
However, in this paper we will present two specific driving cycles, the transport Driving Cycle in
Buenos Aires (BADC), and the Manhattan Driving Cycle (Manhattan DC), because they are driving
cycles designed for city buses, such as those indicated in Table 1, in which the driving conditions of
these buses are considered. They have several stops and decelerations, which allows recovery of a
significant amount of energy.
3.1. Buenos Aires City Driving Cycle
For the construction of the Buenos Aires Driving Cycle (BADC), 30 h of GPS data have been
acquired, which are related to 51 bus trips covering a total of 313.6 km. The BADC was validated on
a reference diesel bus widely used in Buenos Aires, and comparing the results obtained from fuel
consumption to those reported by the bus line operator. The speed profile is shown in Figure 3, and its
main characteristics are presented in Table 5.















Figure 3. BADC driving cycle.
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Table 5. BADC driving cycle parameters.
Parameter Value
Total cycle time 1864 s
Average Speed 3.92 m/s
Maximum speed 15.6 m/s
Maximum acceleration 9.2155 × 10−5 m/s2
e+v 22,678.62 kJ
e−v 11,870.63 kJ
Using Equation (1), we can obtain the instantaneous power needed to follow this profile.
The equation allows us to obtain the power values, p+v , which are the instantaneous values that
need to be delivered to produce the movement. The sum of these power values, for the complete
profile, becomes the energy needed to produce movement, e+v . We can also obtain the power values
that we can recover by means of regenerative braking, p−v . Analogously, the total sum of these
power values, for the complete profile, will be the energy recovered by braking e−v . In the same way,
the equation allows us to obtain the maximum instantaneous power that must be contributed p+maxv,
and the maximum instantaneous power that can be recovered from braking p−minv, which is useful for
dimensionalizing the storage systems.
Using the ratio indicated in Equation (19), we can obtain the maximum amount of energy that





3.2. Manhattan Driving Cycle
This driving cycle used for bus testing in New York has a profile travel distance of 3.30 km, with a
maximum acceleration of 2.04
m
s2
and a driving time of 1089 s. Figure 4 shows the Manhattan profile
velocity cycle. Table 6 shows the most relevant parameters of the profile.
In the same way as for the BADC profile, and using ratio Equation (20), the maximum amount of
energy that can be recovered from braking for this profile is 58.84%.













Figure 4. Manhattan Driving Cycle.
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Table 6. Manhattan Driving Cycle parameters.
Parameter Value
Total cycle time 1089 s
Average Speed 3.033 m/s
Maximum speed 11.24 m/s




Dynamic programming is a very powerful numerical tool for solving optimal control problems,
as indicated in [41,42]. One of the advantages over other methods is that the solution of the optimal
control can be found in the complete time horizon. However, in some cases the computational effort
grows exponentially with the number of state variables and inputs of the dynamic system. When the
problem includes state constraints, any control input trajectory is limited to keep the system operating
in the space delimited by them.
The optimal problem for the energy management in vehicles is posed in a constant time interval,
with fixed initial conditions and a speed profile known to priori. The proposed optimal control problem
can be generically formulated considering the cost function





where the first term hN(x(N)), refers to the final cost. The second term hk(x(k), u(k)), refers to the
cost of reaching a proposed state x(k), applying a control signal u(k), in an instant k, considering that
system dynamics is represented in discrete-time state space as
x(k + 1) = fk(x(k), u(k)). (22)
Please note that second term of Equations (21) and (22) depend on k, therefore their value varies
with each iteration.
In case of the vehicle energy system, the states, x(k), are the battery SOC, the supercapacitor SOE,
and the fuel cell energy e f c, while u(k) are the power of the elements psup, pbat, p f c, and pbreak.
Then, the discrete-time model of the system is defined by








x3(k + 1) = e f c(k) + p f c(k). (25)
Excessive computational cost can be avoided by expressing the final system as follows. To make
this reduction, the power ratio shown in Equation (2) is taken into account.
x1(k + 1) = SOCbat(k) +
pv(k)− p f c(k)− psup(k)− pbreak(k)
ebat
. (26)
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Constraints will be imposed on the battery SOC and supercapacitor SOE, as state restrictions,
as follows
0.4 ≤ SOCbat(k) ≤ 0.8 (28)
0 ≤ SoEsup(k) ≤ 1 (29)
SOCbat,0 = SOCbat,N (30)
SoEsup,0 = SoEsup,N (31)
where SOCbat,0, is the SOC of the battery at the initial instant and SOCbat,N is the SOC of the battery at
the end of the driving cycle. In the same way SoEsup,0 is the SOE of supercapacitor at the initial instant
and SoEsup,N is the SOE of the supercapacitor at the end of the driving cycle.
The safety threshold [0.4, 0.8] applied to the battery SOC, which theoretically could vary in the
ranges [0, 1] as the supercapacitor, is included to extend its useful life, avoiding deep discharges.
Constraints on control signals, u(k), are also included as follows
Plowerbat ≤ Pbat(k) ≤ Pmaxbat (32)
Plowersup ≤ Psup(k) ≤ Pmaxsup (33)
Plower f c ≤ Pf c(k) ≤ Pmax f c. (34)
The maximum and lower power and energy values will be taken from the tables indicated in the
models of the elements.
4.1. Cost Function
When defining the particular expression of the cost function, Equation (21), for the energy
management system, we will take into account the following considerations:
• The operational life of the elements.
• The amount of hydrogen consumed.
In the case of the operational life of elements, such as batteries, the parameters that are evaluated
to characterize the main causes for degradation are: (a) temperature, (b) depth of discharge, and (c) rate
of discharge [43–49]. Degradation can be avoided by limiting rapid power changes and preventing the
instantaneous value from reaching the maximum value, which would result in deep discharges. In the
case of the fuel cell, high current peaks and rapid variation in current should be avoided [38,50–52].
Finally, the cost function according to the control objectives is defined with the following terms.
1. To preserve the operational life of the elements (state of health of the elements) abrupt variations
(a) in the power delivered by the fuel cell p f c(k) − p f c(k − 1) and batteries
pbat(k)− pbat(k − 1) and
(b) in the SOC of the battery SOCbat(k)− SOCbat(k − 1), [53], should be avoided [54].
2. The amount of hydrogen consumed by the fuel cell, expressed as a function of the power delivered,
p f c(k), which determines the economic cost should be minimized.
Thus, the cost function is finally defined as
J = wu1[pbat(k)− pbat(k − 1)]2 + wu2[p f c(k)− p f c(k − 1)]2 + wSOH pbat(k)2+
wsoc[SOCbat(k)− SOCbat(k − 1)]2 + wα p f c(k)2
(35)
where the weights wα, wu1, wu2, wSOH , wsoc, have been determined based on of a sweep of these
coefficients as explained in the following section.
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4.1.1. Coefficient Sweep for BADC
Once the structure of the cost function was defined, we should proceed to make a sweeping of the
weights to determine the Pareto front that allows choosing those that allow reduction of the power
delivered by the fuel cell in order to reduce hydrogen consumption, as proposed in [55]. In addition,
the one that allows a smoother variation of the SOC of the battery to preserve its useful life should be
selected. To adjust the cost function coefficients based on sweeping of the weights, an initial sizing
of the system is required to solve the control problem proposed in the previous section. This sizing
is done with a storage element size shown in Table 7. The reason for choosing this initial size of the
storage system is that the literature recommends that the size of the storage system be about 30% of
the size of the main source. The fuel cell used is the one detailed in Table 4.
Table 7. Initial sizing for the calculation of pareto coefficients.
Component Mass Power Energy
Battery 8 kg 10.4 kW 368 Wh
Supercapacitor 12 kg 20.4 kW 27.6 Wh
It is considered that the sum of the weights wα, wu1, wu2, wSOH , wsoc, will always satisfy
wα + wu1 + wu2 + wSOH + wsoc = 1 (36)
The coefficients wu2 and wα, affect the behavior of the fuel cell and the wu1, wSOH , wsoc coefficients
affect the behavior of the battery. Then, it starts with a value of the coefficients wu2 = 0 and wα = 0,
while the coefficients of the terms referring to the battery are maximum with a value of wu1 = 0.33,
wSOH = 0.33, and wsoc = 0.33. In this first case, the condition of Equation (36) is fulfilled. In a second
iteration, the coefficients related to the fuel cell take the values of wu2 = 0.05 and wα = 0.05, with an
increase of 0.05 with respect to the first iteration. The coefficients related to the battery take the value
of wu1 = 0.3, wSOH = 0.3, and wsoc = 0.3. All the coefficients related to the battery have the same
value that is calculated by:
wu1 = wSOH = wsoc =
1
3
− (wα + wu2)
3
(37)
In this case, the second iteration also complies with Equation (35). In the last iteration with the
increase of 0.05 to the fuel cell related coefficients in each new iteration, the coefficients have the values
of wu2 = 0.4, wα=0.4, wu1 = 0.067, wSOH = 0.067, and wsoc = 0.067. All combinations (iterations) of the
coefficients can be seen in Table 8. For each of these combinations of coefficients, there is an amount of
energy contributed by each element of the propulsion system. The power generated by the fuel cell,
battery and supercapacitor must be equal to the power needed for motion fulfilling Equation (2). For a
better understanding, the energy of each element will be expressed as a percentage. In the case of the
battery and supercapacitor, this percentage will be the amount of energy they give to the system with
respect to the maximum possible that they can recover in braking, calculated in Equation (20) for the
BADC profile. As mentioned, the SOC and energy of these elements are equal at the beginning and at
the end, being the energy recovered from the braking, equal to the energy delivered. In the case of
the fuel cell, the percentage of energy saved by hybridization is shown compared to a pure fuel cell
system without storage elements. These results, for each iteration of weights can also be observed in
Table 8. In the last configuration of coefficients shown in Table 8, it is observed that there is the lowest
fuel consumption with a fuel cell energy consumption reduction of 27.22%. In the same configuration,
the power delivered by the battery is the highest in the table with 21.71%. Being one of the control
objectives that the variation of the SOC is not abrupt, it is necessary to choose a configuration of
weights in which the variation of the SOC is not the highest. For this reason, the configuration of
coefficients chosen will be (a) wα = 0.3, (b) wu1 = 0.13, (c) wu2 = 0.3, (d) wSOH = 0.13, (e) wsoc = 0.13,
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where the power delivered by the battery is 19.96%, being the same lower than 21.71% which is
the maximum value. In this configuration, the energy savings delivered by the fuel cell is 26.22%.
As it can be seen, the fuel saving is still significant in this configuration, being only 1% less than the
maximum saving case. This configuration of coefficients achieves a better balance of the proposed
control objectives. Please note that the criterion for choosing the coefficients is based on the fact that
the energy delivered by the battery is not the maximum and that the variation between the maximum
consumption in the use of the fuel cell and the chosen value should be similar to 1%.
Table 8. Variation in the weight of the cost function for BADC.
Weights Energy
wu2 wu1 wSOH wsoc wα Battery (%) Supercapacitor (%) Fuel cell (%)
0 0.33 0.33 0.33 0 13.24 23.84 19.41
0.05 0.3 0.3 0.3 0.05 16.79 27.74 23.31
0.1 0.267 0.267 0.267 0.1 18.00 29.35 24.78
0.15 0.23 0.23 0.23 0.15 18.76 29.48 25.25
0.2 0.2 0.2 0.2 0.2 18.99 29.57 25.32
0.25 0.167 0.167 0.167 0.25 19.68 29.80 25.73
0.3 0.13 0.13 0.13 0.3 19.96 30.15 26.22
0.35 0.1 0.1 0.1 0.35 20.96 30.19 26.72
0.4 0.067 0.067 0.067 0.4 21.71 30.84 27.22
Figures 5 and 6 illustrate the increase in fuel savings when the amount of power recovered by
the storage elements increases for each combination of cost function coefficients. Figure 5 presents
this relationship for the fuel cell and battery, while Figure 6 shows this relationship for the fuel cell
and supercapacitors. Figure 5 shows in the lower left-hand corner, the case in which the coefficients
take the values of wα = 0, wu1 = 0.33, wu2 = 0, wSOH = 0.33, and wsoc = 0.33. For this case, the energy
reduction delivered by the fuel cell is 19.41%, while the energy recovered by the battery is 13.24% and
for the supercapacitor is 23.84%. This is the case where the fuel cell delivers the most energy to the
system. In the upper right corner, there is the case where the coefficients take a value of wα = 0.4,
wu1 = 0.067, wu2 = 0.4, wSOH = 0.067, and wsoc = 0.067. For this case, the energy reduction delivered
by the fuel cell is 27.22%, and the energy recovered by the battery is 21.71% and for the supercapacitor
is 30.84%. This is the case where the fuel cell delivers the smallest amount of energy. The intermediate
cases are taken from Table 8. In Figure 6, the same cases as for Figure 5 are shown, with the difference
that the power delivered by the supercapacitor and not that of the battery is shown.
When the fuel cell delivers less energy to the movement, and the battery also delivers less energy
(of the regenerative brake’s recovered power), due to the weights of the cost function, the supercapacitor
delivers an increasing amount of energy when other sources are restricted. The indicated behavior
between the supercapacitor and the fuel cell is shown in Figure 6.
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Figure 5. Saving in energy supplied by fuel cell and energy supplied by batteries for the different
combination of coefficients of the cost function for BADC.

































Figure 6. Saving in energy supplied by fuel cell and energy supplied by supercapacitor for the different
combination of coefficients of the cost function for BADC.
4.1.2. Coefficient Sweep for Manhattan Driving Cycle
For the Manhattan Driving Cycle, the procedure is similar to BADC. The design of the propulsion
system is the same as for the previous case. Once the cost function is known, we vary the weight
tuning, to find the best combination between the use of its elements, focusing on hydrogen saving,
and preserving the useful life of the elements.
The variation in the weights of the cost function is similar to that of the BADC profile, and a
summary of the region of interest is shown in Table 9.
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Table 9. Variation in the weight of the cost function for Manhattan DC.
Weights Energy
wu2 wu1 wSOH wsoc wα Battery (%) Supercapacitor (%) Fuel cell (%)
0 0.33 0.33 0.33 0 11.02 25.66 19.57
0.05 0.3 0.3 0.3 0.05 13.20 25.89 20.33
0.1 0.267 0.267 0.267 0.1 14.52 26.36 21.16
0.15 0.23 0.23 0.23 0.15 15.51 27.89 22.73
0.2 0.2 0.2 0.2 0.2 15.84 28.08 23.56
0.25 0.167 0.167 0.167 0.25 16.43 28.47 23.76
0.3 0.13 0.13 0.13 0.3 17.21 28.83 24.38
0.35 0.1 0.1 0.1 0.35 18.15 29.23 24.58
0.4 0.067 0.067 0.067 0.4 21.29 30.72 25.19
Figure 7 shows the behavior of the battery with respect to the fuel cell saving. In this profile,
with the combination of coefficients wα = 0, wu1 = 0.33, wu2 = 0, wSOH = 0.33, and wsoc = 0.33,
the energy delivered by the battery is 11.02%, the energy delivered by the supercapacitor is 25.66%,
while the reduction in fuel cell use is 19.57%. This is the lower left-hand corner of Figure 7,
which corresponds to the case where the fuel cell delivers the most energy to the movement. With the
combination of coefficients wα = 0.4, wu1 = 0.067, wu2 = 0.4, wSOH = 0.067, and wsoc = 0.067,
the energy delivered by the battery is 21.29%, the energy delivered by the supercapacitor is 30.72%,
while the reduction in fuel cell use is 25.19%, which corresponds to the upper right-hand corner of
Figure 7 and the case where the fuel cell delivers the least amount of energy to movement.































Figure 7. Saving in energy supplied by fuel cell and energy supplied batteries for the different
combination of coefficients of the cost function for Manhattan Driving Cycle.
Figure 8 shows the behavior of the fuel cell saving and supercapacitors for the same cases in
Figure 7, summarized in Table 9.
As for the BADC profile, with the latest configuration of coefficients from Table 9, the energy
delivered by the battery is 21.19%, while the reduction in fuel cell usage is 25.19%. In this case, the fuel
economy is maximum and the variation of the battery SOC is also highest. For this reason, to have
a smaller variation in the SOC of the battery, we use the configuration of coefficients (a) wα = 0.2,
(b) wu1 = 0.2, (c) wu2 = 0.2, (d) wSOH = 0.2, (e) Wsoc = 0.2, where the energy delivered by the battery
is 15.84% and the reduction in the use of the fuel cell is 23.56%. In this way, we have a smaller variation
of the SOC, and the fuel saving is about 1% of the maximum possible.
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Figure 8. Saving in energy supplied by fuel cell and energy supplied batteries for the different
combination of coefficients of the cost function for Manhattan Driving Cycle.
5. Results
Considering BADC and Manhattan profiles as case studies, the power profile for each driving cycle
will be simulated. The combination of power generated by the fuel cell, and the energy recovered by
the ESS, should be sufficient to reach the power profile, derived from the velocity profile. Additionally,
to the parameters shown in Tables 2–4, we will use for each profile the coefficients resulting from the
sweeping of parameters of the cost function corresponding to each one. The control problem is the
same as described in Section 4. When the mass of ESS is equal to zero, the power will be generated
with the fuel cell only, and that will be a first case of analysis. In this first case, we must properly
dimensionalize the fuel cell to reach the required velocity at all times. In a second case, we will use the
ESS, as mentioned above. To properly dimensionalizing of the system, in Tables 3 and 4, power and
energy are expressed as a function of mass. Then, we will increase their mass to analyze the optimal
configuration and price.
5.1. Fuel Cell Operation Only
For the proposed analysis, no batteries or supercapacitors is assumed. The fuel cell provides all
the power needed to reach both profiles. The cost of power production for high volume cells is 1 e/W.
5.1.1. Buenos Aires Driving Cycle
For this profile, we will use a fuel cell system with a power of 200 kW, with a cost of 200 ke.
In this case study, the fuel cell must be able to fulfill the highest power peaks. This is the reason for
using a system of 200 kW of total power. Figure 9 shows the power profile derived from the BADC
speed cycle and the power delivered by the fuel cell.
In red, we can see the power required to fulfill the speed profile. In blue, the instantaneous power
delivered by the cell. The graphs in blue and red are the same, because they have the same power
values at each instant. As it can be observed, with this fuel cell sizing, we can also fulfill the profile.
Then, the total cost of the propulsion system to achieve the BADC profile with fuel cell operation will
be 2000 ke.
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Figure 9. Power profile BADC with only fuel cell operation.
5.1.2. Manhattan Driving Cycle
For this profile, we will use the same configuration of fuel cell than in BADC profile. The maximum
power of the system will be 200 kW, whose cost is 200 ke. Figure 10 shows in red, the power derived
from the Manhattan velocity profile, and in blue, the power delivered by the fuel cell system. The values
of instantaneous power as for the previous case are the same, so the blue and red graphs are the same.
As in the previous case, with this dimensionalizing, we were able to reach the required speed.
The cost of the propulsion system is 2000 ke.





















Figure 10. Power profile Manhattan with only fuel cell operation.
5.2. Hybrid Operation
When the mass of ESS increases, we can increase their capacity in power and energy and provide a
significant reduction in fuel cell use. This will allow the fuel cell not to give the maximum power peaks
of each profile, but to be able to give the average power of each one. The analysis of this variation,
expressed in percentages of energy supplied by the storage elements and in the reduction of fuel cell
use, will be presented below. Furthermore, the power profile of battery, supercapacitor, and fuel cell
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will also be plotted for a particular ESS mass value. Finally, in each profile, the monetary cost involved
in increasing the power of the ESS will be reported in a graph.
BADC Driving Profile
During the sizing process, the total mass of the storage elements should be constant
mbat + msup = mess (38)
where mess is the total mass and is constant and mbat and msup are the ones that are going to vary.
As indicated, supercapacitors allow recovery of a greater amount of power from braking, but they are
more expensive than the battery. If the storage system is composed only of supercapacitors, the power
of the fuel cell used in the system decreases, but the momentary cost of the storage system increases.
Then, the objective is to find the mass of batteries and supercapacitors to reduce the cost of the storage
system, but without forgetting the objectives of fuel economy control and SOC variation. For this
reason, the case where the storage system has the lowest cost will not be optimal. This optimal case
will depend on the compendium of the cost of the storage system and the other control objectives.
A system with only supercapacitors (mbat = 0) is initially dimensionalized and mass is added to the
batteries in each iteration. This is done to decrease the cost associated with the storage system in each
iteration and to know how the fuel saving varies. Then, the initial configuration will be mbat = 0
and msup = mess. In order to fulfill with the power profile using the fuel cell described in Table 4,
the minimum mass of supercapacitors should be 30 kg. Otherwise, if it is lower, the power profile is
not fulfilled.
In the total mass, the mass of each element varies with respect to the other as follows. For example,
in case 1: (a) When the mass of the supercapacitor is 30 kg, the battery mass should be 0 kg; (b) when the
mass of the supercapacitor is 29 kg, the battery mass should be 1 kg. For each mass variation in batteries
or supercapacitors, there is a new cost involved, and a new power and energy capacity. For example,
for the same examples, in case 1, the cost of the battery is 0 e, while that of the supercapacitor is
2650 e. For case 2, the cost of the battery is 33.87 e, while the cost of the supercapacitor is 2561.67 e.
As we can see, the total mass remains constant, but the economic value varies for each case. The final
case will be when we have 28 kg of battery and 2 kg of supercapacitors, with a cost of 948.39 e,
and 176.67 e, respectively. The configuration of 29 kg of batteries and 1 kg of supercapacitors is
not considered, because with this configuration the power profile derived from the speed profile is
not fulfilled. The weight, power and cost of the fuel cell remains constant for each configuration of
batteries and supercapacitors in this scenario. The weight of the battery, supercapacitor and fuel cell,
is added to the total mass for calculating the power profile, shown in Equation (1), to achieve a more
realistic scenario. The cost of fuel cell FCveloCity-HD is 100 ke.
Contrarily to the case without hybridization, if the mass of the storage elements is different from 0,
with a certain minimum value, we can reduce the size of the fuel cell. For the first case, where the mass
of the supercapacitor is 30 kg (msup = 30) and the mass of the battery is 0 kg (mbat = 0) the reduction
in fuel cell usage is the highest with 46.98%. The cost of the storage system for this same case is also
the highest with a value of 2650 e. For the last possible case, in which the mass of the supercapacitors
is 2 kg (msup = 2) and the mass of the battery is 28 kg (mbat = 28) the reduction in the consumption of
the fuel cell is 30.4% and the storage system has the lowest cost, with 1125.05 e. Although 1125.05
e, is the cheapest cost of the storage system, the reduction in fuel cell usage is only 30.4%, while the
battery delivers 55.98% of energy, being the same the highest of all configurations. This causes the
variation of the SOC to be increased.
Figure 11 shows graphically the reduction in fuel cell consumption as a percentage of energy,
compared to the percentage of energy recovered by the battery for each configuration. Even though
the percentage of energy recovered by the battery increases, the reduction in fuel cell consumption
decreases because the mass of the supercapacitors decreases. This shows that although the mass of
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the battery increases, the system does not absorb large peaks of power, so the fuel cell must provide
more power. Figure 12 shows the same behavior of the fuel cell with the supercapacitor. Since
supercapacitors have a high power density, they allow the system to recover the highest power peaks
of the profile and the reduction in fuel cell consumption increases.
































Reduction in FC comsumption / Energy supplied by battery
Polynomial approximation
Figure 11. Reduction in fuel cell consumption versus energy supplied by battery for BADC profile.
































Reduction in FC comsumption / Energy supplied by supercapacitor
Polynomial approximation
Figure 12. Reduction in fuel cell consumption versus energy supplied by supercapacitor for
BADC profile.
Figure 13 shows the variation of hydrogen consumption Equation (19) in relation to the cost of
the storage system. The BADC profile has 1864 seconds of operation (31.06 min). A bus normally rolls
15 h per day. In one day, it would roll 29 times the profile, in one month it would roll 870 times and in
a year 10.585 times.
In the Y axis of the Figure 13, the variation of the cost of hydrogen is indicated for a year of
operation of the bus, and in the X axis the cost of the storage system is indicated. From the figure,
it can be observed that with the lowest cost of the storage system (1125.05 e), a greater amount of
hydrogen is consumed. This corresponds to the point of 28 kg of batteries and 2 kg of supercapacitors.
Increasing the cost of the storage system reduces the consumption of hydrogen. In the maximum point
the cost is 2650 ewith 30 Kg of supercapacitors and 0 Kg of batteries.
However, it can be observed that from 2200 e, with the increase in the mass of the storage system,
the decrease in hydrogen consumption is almost linear. This point corresponds to 9 Kg of batteries
and 21 Kg of supercapacitors. According to this analysis, this will be the optimum point. In this
configuration, the fuel cell consumption reduction is 45.82% (average reduction in fuel cell consumption
for BADC mass variation), and 87.54% of the energy from the regenerative brake is recovered.
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Figure 13. Cost of the storage and power delivered by fuel cell system in BADC profile.
Therefore, for case 1 with a storage element cost of 2650 e, the energy delivered by the fuel cell is
53.02%. For the case 2 with a storage element cost of 2595.54 e, the energy delivered by the fuel cell is
53.37%. While for the last case, with a storage system cost of 1125.05 e, the fuel cell delivers 69.55%
of energy to the movement. It can be observed how the fuel cell delivers a greater amount of energy,
given the price decrease of the total storage system. In this sense, when we decrease the size of the
supercapacitor system, the power can be recovered from regenerative braking decreases, and therefore,
the fuel cell must provide more power to achieve the profile.
Figure 14 shows the supplied power by each element, while Figure 15, shows the battery SOC
and supercapacitor SOE variation. The SOC has a slower variation than the SOE, due to the penalty of
the cost function.























4 Fuel cell power
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Figure 14. Power of the propulsion system for the BADC profile.
The sum of the battery, supercapacitor, and fuel cell powers in Figure 15 are equal to the power
required to reach the BADC speed profile.
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Figure 15. SOC and SOE for the BADC profile.
5.3. Manhattan Driving Profile
In the case of the Manhattan profile, the maximum power is higher than BADC. To satisfy
Equation (38) and the initial condition of starting only with mass of supercapacitors (mbat = 0 and
msup = mess), the minimum mass of supercapacitors must be 32 kg. With this initial mass, the control
problem is feasible. In the first case must start with a mass of supercapacitors of 32 kg, and 0 kg
of batteries, with a total cost of 2826.67 e. The fuel cell is the same as for the BADC profile, in cost
and maximum power. The second case, to keep the total mass of 32 kg constant, we use 31 kg of
supercapacitors and 1 kg of batteries, with a total cost of 2772.20e, and so on in the other cases. The last
case is with 29 kg of batteries and 3 kg of supercapacitors, with a cost of 1247.26 e. The configuration
of 30 kg batteries and 2 kg supercapacitors is not possible, because the control problem is not feasible.
Figure 16 shows that the increase in the mass of the batteries and the decrease in the mass of
the supercapacitors produces a decrease in the value of the reduction in the consumption of the fuel
cell. Therefore, even though the energy recovered from battery for the braking increases, the fuel
consumption increases.


































Reduction in FC consumption / Energy supplied by battery
Polynomial approximation
Figure 16. Reduction in fuel cell consumption versus energy supplied by battery for Manhattan profile.
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Figure 17 shows the energy contributed to the movement by the supercapacitors and the reduction
in fuel cell consumption. With a higher mass of supercapacitors, fuel consumption decreases, even if
the battery mass is reduced.


































Reduction in FC consumption / Energy supplied by  supercapacitor
Polynomial approximation
Figure 17. Reduction in fuel cell consumption versus energy supplied by supercapacitor for
Manhattan profile.
Figure 18 shows in the X axis the cost of the storage system, while in the Y axis, the cost of the
hydrogen consumption. In the same way as for the BADC, the duration of the Manhattan profile is
1089 s (18.15 min). In a year, a bus rolls 18,250 times the profile.
On the left side of the figure, can be observed that the cost of the storage system is lower,
and hydrogen consumption is higher. The figure begins with a cost of 1247.26 e for the storage
system and 18 Ke for hydrogen consumption. This is given with 29 Kg of batteries and 3 Kg of
supercapacitors. Moving to the right of the figure, it is observed that as the cost of the storage system
increases, the consumption of hydrogen decreases. With 32 kg of supercapacitors and 0 Kg of batteries,
hydrogen consumption will be the lowest with almost 12.500 Ke, while the cost of the storage system
will be maximum with 2826.67 e. However, can be seen that from a value of 2200 e, the reduction
in hydrogen consumption is almost linear. Then, the configuration of 12 Kg of batteries and 20 Kg of
supercapacitors, is the optimal point of dimensionalizing. In this configuration, the fuel cell delivers
52.28% of the total energy of the movement.























Figure 18. Cost of the storage system in Manhattan profile.
In the optimal point, can be recovered 91.17% of the braking energy. The reduction of the fuel
cell consumption is 47.72% (average reduction in fuel cell consumption for Manhattan Driving Cycle
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mass variation) and the cost is 2.173.12 e. As for the BADC, the case of the minimum cost was not
taken into account as the optimal case because the energy delivered by the battery is the maximum
and increases the variation of the SOC.
Figure 19 shows the power of each propulsion system element for the desired configuration,
in addition Figure 20 presents the SOC and SOE variation.
In the same way, as for the previous case, the SOC variation is softer than SOE, due to the
penalization conditions imposed on the cost function for the battery. Also, the sum of the three
instantaneous powers reach the power required for the Manhattan speed profile.
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Figure 19. Power of the propulsion system for the Manhattan profile.























Figure 20. SOC and SOE for the Manhattan profile.
6. Conclusions
In the considered HEV, the propulsion system without the use of energy storage elements requires
a fuel cell system capable of generating all the power required for the BADC profile and Manhattan
in each case. This means that the cost is high, as it is 200 ke, in each case (only fuel cell system).
The inclusion of energy storage elements such as batteries and supercapacitors allows us to reduce
fuel cell usage and reduce fuel cell size. For both profiles, the fuel cell can be dimensionalized with
100 kW of power instead of 200 kW, with a cost of 100 ke. Then, the increase in mass on ESS allows
reduction of the consumption of hydrogen from the fuel cell. With higher mass of supercapacitors,
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greater savings in fuel consumption and reduction in power generated by the fuel cell are achieved.
In the same way, the cost of the storage system is higher. For this reason, it is concluded that for both
profiles the pure use of supercapacitors allows greater savings of hydrogen, but makes the storage
system more expensive. The inclusion of batteries allows this cost to be reduced, but at the same time
increases the use of the fuel cell.
A larger battery size allows the SOC to vary less abruptly, which helps to improve the operational
life of the batteries. Several mass configurations of the storage elements were simulated to find the
best cost of the storage system compared with a maximum quantity (supercapacitor system only),
and at the same time, reduce the hydrogen consumption. In this way, we can take advantage of the
battery’s energy density and supercapacitor power density characteristics. For the BADC speed profile,
the optimal configuration was 9 Kg of batteries, and 21 Kg of supercapacitors. In this case, the energy
recovered by the ESS is 87.54%, while the energy delivered by the fuel cell is 54.18%. The reduction
of the cost, with the configuration (most expensive case), where only supercapacitors are presented
as an ESS system, is 18.52%. For the Manhattan speed profile, the optimal configuration was 12 Kg
of batteries, and 20 Kg of supercapacitors. In this case, the energy recovered by the ESS is 91.17 %,
while the energy delivered by the fuel cell is 52.28%. The reduction of the cost, with the configuration
(most expensive case), where only supercapacitors are presented as an ESS system, is 23.12%.
The behavior of the system with increasing mass of the storage elements is similar in both profiles.
Its inclusion can be considered a significant contribution to hydrogen savings, and improves fuel
cell efficiency.
As future work, additional objectives will be considered as the battery and fuel life degradation
following the ideas proposed in [56] as well as the effect of the uncertainty to include robustness in
the sizing.
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The following abbreviations are used in this manuscript:
DP Dynamic Programing





Pf c Fuel cell power
Pbreak Break power
SOC Battery state of charge
SOH Battery state of health
SOE Supercapacitor state of energy
EV Electric vehicle
HEV Hybrid electric vehicle
BADC Buenos Aires Driving Cycle
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